Abstract
Results and Significance
For prevalent diabetes, 0.001% and 0.002% of people classified as "diabetes unlikely" in UK Biobank had evidence of diabetes in their primary or secondary care record respectively. Of those classified as "probable" type 2 diabetes, 75% and 96% had specific type 2 diabetes codes in their primary and secondary care records. For incidence, 95% of people with the type 2 diabetes-specific C10F Read code in primary care had corroborative evidence of diabetes from medications, blood testing or diabetes specific process of care codes. Only 41% of people identified with type 2 diabetes in primary care had secondary care evidence of type 2 diabetes. In contrast, of incident cases using ICD-10 type 2 diabetes Introduction UK Biobank (UKB) is a prospective cohort comprising half a million participants recruited from the general population aged 40-69 years, with genotypic, phenotypic and linked health care record data. It was designed to improve prevention, diagnosis and treatment of diseases of middle and old age [1] . Diabetes is one of the most prevalent conditions in the UKB population, with around twenty-five thousand cases self-reported at baseline [2] , and is forecast to be the most common disease outcome, with an estimated 25,000 incident cases by 2017, and 40,000 by 2022 [3] . Thus, diabetes forms a key exposure, effect modifier and outcome in UKB; its accurate ascertainment and sub-classification is a priority in ensuring the usefulness of UKB data to the research community. The UKB Diabetes Outcomes Adjudication Group was convened to provide guidance in defining prevalent and incident diabetes diagnoses within UKB, using questionnaire, linked primary and secondary care data.
There is no single agreed gold standard for establishing prevalent diabetes in observational studies. Validity of diabetes self-report in epidemiological studies varies considerably, with positive predictive values ranging between 67-92% [4] [5] [6] . Discrepancies are also observed when self-completed versus interviewer-delivered questionnaire are compared, with a reported 74% concordance between these two methods [7] . UK studies examining the accuracy of diabetes diagnosis in primary care records have consistently identified incorrectly diagnosed diabetes, misclassification of diabetes type, and use of ambiguous Read codes (5-17%, 10-26% and 9-15% respectively) [8, 9] . Reliance on secondary care data alone will miss a significant proportion of type 2 diabetes cases, as it is largely managed in primary care.
We aimed to develop algorithms to establish prevalent and incident diabetes diagnoses in UK Biobank, using self-report and primary and secondary care data. Additionally, we offer guidance on their usage for researchers. Algorithms will be implemented by UKB and their results made available to researchers on request.
Methods
Three data sources were used in these analyses (Fig 1) .
Firstly, baseline data and linked hospital admissions records dating from 1997 to 2012 (with complete data to 2010) were requested from the UK Biobank (UKB) data repository (n = 502,665). UKB participants were recruited from NHS registers and assessed at 22 centres between 2006-2010 across the UK [3] . Approximately 9 million invitation letters were sent to yield half a million participants, a response rate of 5.5% [10] . Baseline assessment included a health and lifestyle questionnaire (both self-completed by computer touchscreen and research nurse interview) [10] .
Secondly, we used a subset of UKB participants living in Wales (comprising around half of the Welsh UKB population, n = 12,228), for whom linked primary and secondary care data were available via the Welsh Secure Anonymised Information Linkage databank (SAIL) [11] and the Patient Episode Database for Wales (PEDW) respectively.
Thirdly, we used a cohort of participants from the Clinical Practice Research Datalink (CPRD, n = 1,048,972). As linked primary and secondary care data were available for only half of Welsh UKB participants (capturing~2% of all UKB participants),CPRD, a separate English dataset, was used to compare completeness of incident diabetes ascertainment using primary and secondary care data sources. CPRD contains anonymised primary care data for over 5 million patients from 650 general practices in England and Wales, with linked secondary care data 1 data used to derive prevalence algorithms, 2 data used to test prevalence algorithms, from Hospital episode statistics (HES) for around 50% [12] . For both Welsh UKB and CPRD participants, primary care data are held in Read code format [13] and secondary care data in International Classification of Diseases (ICD) code format. While CPRD has the advantage of size, it is not linked to UKB (Fig 1) . Secondary care in-patient admission data linkage for England (HES), Scotland (Scottish Morbidity Record [SMR01]) and Wales (Patient Episode Database for Wales [PEDW] ) is established in UKB. Linkage with English and Scottish primary care data is anticipated in the future, and it is envisaged this will be the chief source of incident diabetes diagnoses (Fig 1) . The main source of information for prevalent diabetes at UKB inception is the baseline assessment. For incident cases occurring after recruitment, we have designed algorithms to interrogate primary and secondary care data, recognising that at least initially, researchers will have to rely on secondary care data alone, since primary care data linked to UKB are not yet available for the whole cohort.
A governing principle for UKB disease categorisation algorithms, given the focus on genetic analysis, is to ensure that cases are truly cases, whereas false negatives can be tolerated. Given the size of the dataset, this should only result in minimal contamination of controls.
UKB acquired ethics approval from the North West Multi-Centre Research Ethics Committee (06/MRE08/65). All investigations were conducted according to the principles in the Declaration of Helsinki. Written informed consent for data collection and record linkage was obtained from all UKB participants.
Prevalence algorithms
Derivation. We designed algorithms for UKB baseline assessment data to assign presence and type of diabetes. This was achieved by combining clinical knowledge with multiple cross-tabulations of available data (comprising diagnosis, age at diagnosis, diabetes type, diabetes medications and diabetes complications). By examining patterns of congruent or contradictory evidence for diagnoses, we created logical rules capable of assigning or ruling out various diabetes-related ending states (S1 Appendix). The algorithms consisted of three stages: algorithm 1 assigned an overall likely diabetes status, algorithm 2 finalised type 1 diabetes diagnoses and algorithm 3 finalised type 2 diabetes diagnoses. As no algorithm can be definitive, we assigned a status of "probable" diabetes where there was greater certainty, and "possible" diabetes where there was less certainty.
Testing. a). UKB baseline self-report data: The algorithm was run on the baseline UKB dataset and final diabetes status recorded. b). UKB baseline self-report data vs. primary care data in the linked Welsh UKB subcohort: Primary care data linked to UKB were available for a proportion of the Welsh participants. We ran the algorithm on this linked dataset. We then examined pertinent primary care data (diabetes-specific C10 diagnostic codes, diabetes medication, hyperglycaemia on blood testing and diabetes process of care codes e.g. for foot screening) against UKB final diabetes status to assess likely validity. c). UKB baseline self-report data vs. secondary care data in UKB: Lastly, we compared final categorisations with prevalent diabetes diagnoses from secondary care data (HES) linked to UKB, i.e. those where the date of the first diabetes ICD-10 code (E10, E11, E13 or E14) in hospital admissions date preceded the UKB baseline assessment date.
Implementation. Prevalence algorithms were implemented in the UKB cohort at baseline to give a single estimation of prevalent diabetes status for all UKB participants.
Incidence algorithms
Derivation. We designed algorithms for application to primary and secondary care data to establish incident diabetes cases. Our focus was on type 2 diabetes, given the age of UKB participants at recruitment. To assist generalisability to the UKB population, we restricted CPRD data to those on whom we had linked secondary care data, people aged 40-69 years on 1 st Janu- ). The threshold for glucose was chosen because primary care records frequently do not specify whether glucose is fasting or not, and we wished to avoid false positives from a non-fasting glucose in the 7.0-11.1 mmol/l range. Using CPRD and the linked Welsh UKB sub-cohort, we used an iterative approach, cross-tabulating evidence at each step, to determine the logical steps to include in the algorithm and in what order. We then applied the final incidence algorithm to both databases. For CPRD, we excluded prevalent diabetes according to pre-existing C10 diabetes-specific Read codes, and for the Welsh dataset, we removed all those with prevalent diabetes according to our UKB algorithm. When developing the incidence algorithms intended for secondary care data, we defined incident diabetes type based on ICD-10 codes (E10 = type 1 diabetes, E11 = type 2 diabetes, E13/E14 = unspecified diabetes). Prevalent diabetes was excluded as above.
For both primary and secondary care incidence algorithms, we derived event dates by taking the mid-point between the last primary care consultation/ hospital admission without diabetes and the date of the first diabetes Read code/ ICD code/ diabetes medication/ hyperglycaemic blood test/ fifth process of care code. If there were no previous consultations or admissions, we used the UK Biobank inception date. The date of the first diabetes Read code/ ICD code/ diabetes medication/ hyperglycaemic blood test/ fifth process of care code will be available to researchers separately if they wish to calculate the event date in an alternative manner.
Testing.
a). Choosing the most appropriate primary care codes in CPRD:
We compared the use of Read codes alone to establish incident diabetes in primary care with the combination of diabetes related measures (medication, hyperglycaemia and process of care codes). We performed a sensitivity analysis to establish whether we were missing many incident cases by excluding people in receipt of metformin alone with no other evidence of diabetes.
b). Choosing the most appropriate number of secondary care codes in HES-linked CPRD: Following a secondary care admission, a maximum of 20 distinct diagnostic codes can be recorded. We compared restriction of secondary care incident diabetes to the first two positions, versus mention in any position, with presence of diabetes Read codes (i.e. C10) in primary care. c). Primary vs. secondary care data in CPRD: For individuals assigned incident diabetes status from primary care data, we compared sociodemographic characteristics, diabetes medication, blood tests, diabetes complications, cardiovascular disease (CVD) risk factors and co-morbidities in those with and without corroborating incident diagnoses in secondary care data. We also compared these characteristics in those for whom we only had a secondary care diagnosis of diabetes.
d). Secondary care data in UKB: Using our prevalence algorithm, we excluded participants with prevalent diabetes at baseline (classed as either "probable type 1 diabetes" or "probable type 2 diabetes"), then ran the secondary care data incidence algorithm in the UKB dataset and recorded final status.
Implementation. Incidence algorithms will be applied to the UKB cohort on a yearly basis, once the necessary linkages with primary care data have been made.
Results
All 502,665 UKB participants were included, with a mean age of 57 years at baseline (2006) (2007) (2008) (2009) (2010) . Just over half (54%) were female and 95% of white European origin (Table 1) .
There were 12,228 Welsh UKB participants with linked primary and secondary care data. In CPRD, records from 1,101,101 individuals who matched the age range at UKB recruitment and had linked primary and secondary care records were available. UKB participants' smoking rates were much lower than CPRD participants' , suggesting the former are a healthier population. Around 5% of UKB individuals reported some form of diabetes, 4% reported receipt of anti-diabetic medication but only 0.3% reported microvascular diabetic complications (Table 2) .
Prevalence algorithms
Testing. a). UKB baseline self-report data: After application of the algorithm, 95% (476,191/ 502,665) of UKB participants were deemed unlikely to have diabetes (Fig 2A-2D ).
Proportions for "probable/ possible" prevalent type 1 diabetes and "probable/ possible" prevalent type 2 diabetes were 0.4% and 4.7% respectively. Similar proportions were found when the self-report algorithm was run on the Welsh UKB linked sub-cohort, though numbers in each category were relatively small (Table 3) . (Table 3) . Of those assigned "probable" type 1 diabetes status, 61% (22/36) had a definite C10E (type 1 specific) diagnostic code and 56% were on insulin exclusively (20/36). The median age at diagnosis in the probable type 1 diabetes group was 30 years. In contrast, of the 9 individuals assigned "possible" type 1 diabetes, 22% (2/9) had a C10E code in primary care, and only 11% (1/9) were on insulin only. Median age at diagnosis for this group was 40 years. Of those assigned "probable" type 2 diabetes status according to the UKB algorithms, 74% (378/513) had a C10F (type 2 specific) diagnostic code and an older median age at diagnosis (56 years). Only one participant was on insulin alone. With the less certain classification of "possible" type 2 diabetes, 63% (55/87) had a C10F code. Age at diagnosis was younger (50 years), and a greater proportion were on insulin (alone or in combination) than those classified as "probable" type 2 diabetes (71% versus 10%). . UKB baseline self-report data vs. secondary care data in UKB: In our comparison of prevalent diabetes status by self-report algorithm vs. secondary care data in UKB, we again found a very low occurrence (0.2%) of diabetes codes in secondary care data for participants assigned "diabetes unlikely" status from UKB questionnaire (Table 4) .
Of participants assigned "probable" type 1 diabetes, 83% had corroborative hospital admissions, of these, 76% had type 1-specific E10 diabetes diagnostic code. The corresponding figures for those with "probable" type 2 diabetes were 44% and 96% respectively. Diabetes typespecific hospital admission codes were less likely to occur in those with "possible" type 1 (41%) or "possible" type 2 diabetes (69%) with hospital admissions data. Implementation. A range of final outcome categories was derived for the UKB baseline cohort, see above (Fig 1D) .
Incidence algorithms
Testing. a). Choosing the most appropriate primary care codes: From the HES-linked CPRD dataset, restricted to the UKB age range at recruitment, out of 1,048,972 people without prevalent diabetes from either primary or secondary care data, 46,766 individuals had a first diabetes diagnostic Read code after 1 st January 2006 (Fig 2A) . As data were drawn from primary care records, all diabetes diagnoses had dates; the ascertainment of these varied by criteria used (Fig 3A) .
Of these, 95% had at least one corroborative item, such as a positive blood test, hypoglycaemic medication (excluding metformin alone), or !5 diabetes specific process of care codes in their primary care record. The majority (45,031, 96%), had a specific C10F diagnostic code, giving an incidence of type 2 diabetes over the 8 year period of follow up of 4%. (Fig 3A) , there will thus be a maximum of 856 false negatives (0.09%). (15) 100 (10) 23 (10) 491 (8) 175 (9) Data are n (%). Derived from hospital admissions (available from 1997 onwards), date of first diabetes code used. (Table 5 ). Compared to those with no secondary care code, those admitted with diabetes were older, more likely to be on medication, and more likely to suffer from co-morbidities. In contrast, of the 1,003,941 with no diabetes primary care Read code, 7,519 (0.007%) had secondary care evidence of diabetes. Unsurprisingly, these individuals had weak evidence of diabetes in their primary care record, such as medication use and hyperglycaemia on blood testing. They were also less likely to have microvascular, but not macrovascular complications. Thus using secondary care data alone, it is evident that 29% of incident cases appear to have little corroborative evidence of diabetes in primary care. Combining incident diabetes from secondary care with those detected in primary care would increase the incidence over the 8 year period of follow up from 4% to 5% in CPRD.
d). Secondary care data in UKB: Using hospital admissions data linked to UKB identified 1,627 incident cases of diabetes (Fig 2B) , equating to around 0.3% incidence since inception (2006-2010 to end of 2012 with complete data to end 2010), about 20% of that anticipated from CPRD data using the same definition. All cases had event dates specified in hospital records for this run of the algorithm, though in future instances if event dates are not present, cases will not be classed as incident, since it will not be possible to distinguish between incident and prevalent cases. Most (85%) cases were categorised as type 2 diabetes.
Implementation. It is envisaged that algorithms determining incidence diabetes will be applied to the UKB cohort on a yearly basis, once appropriate primary care data become available (Fig 4) . Each time the algorithms are run, the previous years' incident cases will move to the pool of prevalent cases, with the date of onset being provided by the algorithm in parallel with the diagnosis. Incidence algorithms will be applied to those with a "diabetes unlikely", "possible type 1 diabetes", "possible type 2 diabetes" and "gestational diabetes" alike, since the latter three states still constitute clinical uncertainty. Therefore event dates for diabetes diagnoses will be calculated (see "incidence algorithms; derivation" section above for method) using the point where diabetes is positively confirmed. This algorithm will focus on incident type 2 diabetes; given the age range of the UKB cohort at baseline (37-73 years), incident diagnoses of gestational or type 1 diabetes will be rare.
Discussion
We have described the development and testing of algorithms to identify prevalent and incident diabetes case status for participants in the UKB cohort, using self-report, primary and secondary care data. The algorithms will be implemented at source and their results made available to researchers on request. Our prevalence algorithm for self-report data makes a clear distinction on the basis of certainty between "probable" and "possible" cases of each type of diabetes. Probable cases of type 1 and 2 diabetes have strong corroborative data in primary care. Such corroboration is weaker for possible cases of type 1 and type 2 diabetes. Use of primary care diagnostic Read codes alone appears valid in ascertaining incident type 2 diabetes. Using secondary care data, yield of incident diabetes cases is increased 3-fold if any mention of diabetes in any one of 20 positions is used, versus restriction to the first two positions, without appreciable loss of validity, when compared to primary care data. A significant proportion of people with incident diabetes (14%) are detectable in secondary care data alone.
Results of the prevalence algorithms based on self-report data showed proportions of overall type 1 diabetes (~0.5%) and type 2 diabetes (~5%) in UKB being similar to those reported in the general population [15] . For those designated as "diabetes unlikely", virtually no participants had diabetes codes in primary (0.001%) or secondary (0.2%) care records. The majority of those with a "probable" type 1 diabetes diagnosis had a diabetes code in both primary and in secondary care, though proportions for the more specific type 1 diabetes codes were lower. Diagnostic confusion and misclassification for type 1 diabetes has been highlighted [8, 9] . Whilst proportions with any diabetes code in hospital admissions data were similar in those with "possible", as opposed to those with "probable" type 1 diabetes (84% and 83% respectively), a specific type 1 code was only present in 41% of "possible", versus 76% in those with a "probable" diagnosis. For type 2 diabetes, while proportions with type 2 diabetes specific (C10F) Read code in primary care were similarly high in those with a "probable" versus "possible" diagnosis (74% versus 63%), the latter were younger at diagnosis, and more likely to be on insulin alone. In support, 27% of those with hospital admission data assigned to "possible" type 2 diabetes had a type 1 diabetes specific ICD code, compared to just 2% of those with "probable" type 2 diabetes. These findings, of greater use of insulin alone and a greater likelihood of having type 1 diabetes specific ICD codes, in people assigned "possible" rather than "probable" diabetes suggests that this category includes a significant proportion of people who have type 1 diabetes (with an older age of onset), and people with latent autoimmune diabetes in adults (LADA).
For incident diabetes, we derived a primary care algorithm that included only those with a type 2 diabetes-specific Read code, the majority of whom had at least one additional confirmatory piece of evidence from medication, hyperglycaemia and diabetes specific process of care codes. This provides reassurance that these individuals have type 2 diabetes. The remainder, who did not have a specific type 2 diabetes Read code, or who only had other primary care evidence of diabetes (e.g. medications), but no diabetes Read code, were classified as "uncertain". This distinction allows researchers to choose how strict their definition of diabetes should be; for those who require greater precision, we would recommend adhering to the type 2 diabetes specific Read code diagnosis alone. The CPRD analysis used a previous C10F Read code to remove prevalent diabetes and yielded incidence rates of diabetes of 4%, whereas analysies in the linked Welsh UKB dataset, which removed those with prevalent diabetes according to our UKB algorithm, yielded a lower incidence of 2.3%. This discrepancy is likely due to historical under-coding of diabetes in primary care, missing around 24% of prevalent cases according to our analysis of the linked Welsh UKB dataset. With incentives to improve coding in the last decade, individuals with long-standing diabetes may have been given a recent diagnostic Read code, artificially inflating incidence in CPRD. Using the UKB-specific prevalence algorithm at baseline should deal with potential misclassification of prevalent as incident cases in UKB.
Using secondary care admission data, we show that diabetes is not the primary or secondary cause for hospital admission in the majority of cases. A similar proportion of individuals possessed diabetes-specific C10F codes, regardless of whether the diabetes ICD-10 code on admission occupied either the first or second coded position versus any mention of diabetes on admission, supporting our decision to include all those in secondary care with any mention of diabetes. Of those identified in primary care, just under half had diabetes recorded on hospital admission data. These individuals were older, more likely to be on insulin, and more likely to have diabetes complications than those without secondary care evidence of diabetes, as anticipated. A proportion of individuals were identified with type 2 diabetes from secondary care records alone; unsurprisingly these individuals had less evidence of medication, hyperglycaemia and microvascular (but not macrovascular) complications in their primary care record than those identified with the C10F code in primary care. Combining both primary and secondary care data to identify diabetes, 86% of the total would be identifiable in primary care, (with secondary care evidence of diabetes in 41% of these), and 14% of the total would be identified in secondary care alone. Notably, secondary care out-patient data does not carry ICD codes and cannot be used for capturing cases.
In CPRD, over the 8 year period of follow up from 2006, using primary care as the only source would yield a diabetes incidence of 4%, secondary care alone 2.5%, and in combination 5%. The limited evidence of diabetes in the primary care records of those identified through secondary care alone, makes the use of secondary care data alone, or combining those with secondary care evidence of diabetes alone with those with primary care evidence difficult. In the absence of primary care data, researchers using secondary care identification of diabetes will need to recognise that nearly a third have no evidence of diabetes in primary care, and appear different, in terms of risk factors and microvascular complications, to those identified in primary care. A similar argument applies to combining those found in secondary care alone with those found in primary care.
Our analyses of secondary care data in UKB provided a much lower yield of incident cases than anticipated from our CPRD analysis. We would have anticipated around 8000 incident cases based on CPRD, whereas only just over a 1600 were found. The follow up for CPRD commenced in 2006, while that for UKB spans 2006-2010, due to staggered recruitment. In addition, while CPRD has linked HES data to March 2014, that for UKB is linked to only 2012, and complete only to December 2010. In addition, as stated above, due to historical undercoding of diabetes in primary care, it is likely that we excluded only 76% of all prevalent cases in CPRD, thereby inflating incidence in secondary care. We estimated that, allowing for the impact of differences in follow up and definition of prevalent diabetes between UKB and CPRD datasets, the number of anticipated incident cases would be reduced by around 75%, i.e. a yield of 2000 cases, still higher that actually observed in UKB. With a 5.5% response rate, UKB participants are not representative of the general population, unlike CPRD registrants. While prevalence of type 1 and type 2 diabetes in UKB are as anticipated from population studies, more generally, UKB participants are clearly healthier than their general population counterparts, as demonstrated by their much lower smoking rates. We hypothesise that participation in UKB attracted distinct groups of individuals, those with established disease on the one hand, and the very healthy on the other. Thus whilst prevalence of diabetes may not differ from population estimates, it is only the pool of healthy participants who can contribute to incidence, accounting for the much lower rates of incident disease compared to population samples. Our data underline the dangers of using UKB data to estimate disease burden (prevalence or incidence) and should not be used for this purpose [10] . However, we do not have evidence to suggest that risk factor associations with diabetes differ markedly between UKB participants and the general population.
Event dates for our incidence algorithms were derived by taking the mid-point between the last primary care consultation or hospital admission and the date of the first diabetes code. This method is likely to give an event date closer to the true onset of diabetes than the date of the first diabetes code alone (though the latter will be made available to researchers), and will prevent artefacts in time-to-event analyses, e.g. appearance of incident diabetes being associated with immediate myocardial infarction. However we acknowledge this approach is a compromise, and that the true date of onset cannot be established with the available data.
The chief limitation to this work is data quality-others have consistently shown errors in self-report, and primary and secondary care data recording [4, 5, [7] [8] [9] . Whilst the principle aim of our work was to overcome these inaccuracies, all algorithms were obligatorily data-driven, with no gold standard for comparison. Another drawback is a potential delay in ascertainment of incident cases resulting from the algorithm's exclusion of individuals receiving metformin alone, who are likely to be either newly-diagnosed or well-controlled. However, a sensitivity analysis indicated that, of the 987,305 people in CPRD deemed not to have incident diabetes, even in the most adverse scenario (where all the people on metformin alone with no other evidence of diabetes genuinely have diabetes), there would be a maximum of 856 (0.09%) false negatives. Furthermore, we were willing to tolerate these potential false negatives to avoid false positive classification of people receiving metformin for pre-diabetes, obesity or polycystic ovarian syndrome.
We conclude that use of baseline self-report diabetes data is a pragmatic and valid approach to defining prevalent cases of diabetes, without missing cases known to primary or secondary care, and appears to rightly distinguish between "probable" and "possible" states. Regarding incidence, we suggest that restriction to the type 2 diabetes specific Read code (C10F) in primary care has the greatest precision. Secondary care data captures around half of all cases with diabetes, with 70% having corroborative evidence of diabetes in their primary care record, in the form of a specific diagnostic Read code. We would caution against using diabetes-specific information, in the form of medication or blood tests, in the absence of these Read codes, or combining individuals identified in secondary care alone with those identified in primary care. Whilst we make recommendations, it is acknowledged that UKB data will be used to address multiple questions, with varying levels of precision, and tolerance of false negatives. We have therefore, where possible, categorised groups with differing levels of diagnostic certainty, allowing investigators themselves to choose which categories to use in their analyses.
Supporting Information S1 Appendix. Rationale for logical rules in prevalence algorithms used on UK Biobank recruitment questionnaire data. TS = participants entered data themselves via electronic touch screen, NI = data accrued from individual nurse interview, GDM = gestational diabetes mellitus. (DOCX)
